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The price-earnings effect has been a challenge to the idea of efficient markets for many years. The 
P/E used has always been the ratio of the current price to the previous year’s earnings. However, the 
P/E is partly determined by outside influences, such as the year in which it was measured, the size 
of the company, and the sector in which the company operates. Looking at all UK companies since 
1975, we determine the power of these influences, and find that the sector influences the P/E in the 
opposite direction to the others. We use a regression to weight the influences according to their 
power in predicting returns, reversing the sector influence so that it works for us and not against us. 
The resulting weighted P/E widens the gap in annual returns between the value and glamour deciles 
by 8%, and identifies a value decile with average returns of 32%. 
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1  Introduction 
The P/E effect has been known about for many years, since Nicholson (1960) showed that 
low P/E companies on average give higher subsequent returns than high P/E companies. A 
low P/E is used as an indicator for investment by many value/contrarian fund managers, and 
the P/E effect was a major theme in Dreman (1998). 
 
However, the P/E is the result of a network of influences, similarly to the way in which a 
company’s  share  price  is  influenced  not  only  by  idiosyncratic  factors  particular  to  that 
company, but also by the market as a whole, and the sector in which the company operates. In 
this paper we show the value of an analogous approach in deconstructing the P/E ratio. As far 
as we are aware, this has not been done before. 
 
We identify four influences on a company’s P/E, which are shown diagrammatically in Figure 
1. We test the direction and power of each of these influences in turn. 
 
The  year:  the  average  market  P/E  varies  year  by  year,  as  the  overall  level  of  investor 
confidence changes. The lower the market average P/E, the better are the subsequent average 
returns that can be expected. 
 
The sector in which the company operates. Average earnings in the computer services sector, 
for example, are growing faster than the water supply sector. This sweeping statement can be 
made  only  in  terms  of  the  sector  as  a  whole,  regardless  of  the  fortunes  of  individual 
companies, and over the long term, notwithstanding the reverses of 2000-2003. Companies in 
sectors  that  are  growing  faster  in  the  long-term  warrant  a  higher  P/E,  so  as  correctly  to 
discount the faster-growing future earnings stream. This is the only influence for which a ISMA Centre Discussion Papers in Finance DP2005-03 
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higher P/E means higher returns. For every other factor, a lower P/E means higher returns. 
Turning this effect the right way round, so that it is in alignment with the other effects instead 
of  working  against  them,  has  a  considerable  effect  on  the  value  of  the  P/E  statistic  for 
predicting returns. 
 
The size of the company. There is a close positive relationship between a company’s market 
capitalisation and the P/E accorded, even though larger companies on average provide inferior 
returns to smaller companies. The closeness of the relationship means that the size component 
of the P/E is accorded the largest weighting in our eventual P/E statistic. 
 
Idiosyncratic  effects.  Companies  in  the  same  year,  operating  in  the  same  sector  and  of 
similar sizes nevertheless always have different P/E’s. Idiosyncratic effects, that do not affect 
any  other  company,  account  for  this.  Such  effects  could  be  the  announcement  of  a  large 
contract,  whether  the  directors  have  recently  bought  or  sold  shares,  or  how  warmly  the 
company is recommended by analysts. 
 
Using data for all UK stocks from 1975-2003, we take these four influences in turn, looking at 
the  regularity  with  which  they  affect  the  P/E,  and  how  closely  they  are  correlated  to 
subsequent returns. We decompose the influences on each of our company/year data items, 
then run a regression to get a weight for each influence. Using these weights, we construct a 
new sort statistic for assigning companies to deciles, and increase the difference between the 
glamour and value deciles by 8% using it.  Finally, we show via a portfolio example the 
practical effect of the new statistic on the values of the glamour and value deciles through 
time. 
 ISMA Centre Discussion Papers in Finance DP2005-03 
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The E/P ratio we use is not the traditional E/P ratio.  In a previous paper (Anderson and 
Brooks (2005)) we showed that earnings over several previous years, not just the most recent 
year, hold information useful in predicting subsequent returns. The most powerful statistic we 
found was the sum of the previous year’s earnings, plus the earnings from eight years ago, 
divided by the current share price. All references to the E/P in this paper use this. Where P/E 
ratios are quoted, they have been scaled to make them meaningful in terms of the traditional 
P/E ratio. 
 
The remainder of this paper proceeds as follows. Section 2 describes our data sources, and the 
methodology we used in our calculations of long-term P/E ratios and decile portfolio returns. 
Section 3 describes our results in decomposing the influences on the P/E, assigning suitable 
weights  to  them  and  creating  a  more  powerful  weighted  P/E  statistic.  In  Section  4  we 
demonstrate the value of the new statistic by comparing the fortunes of four sample portfolios. 
Section 5 concludes. 
 
2  Data Sources and Methodology 
In this section we describe our data collection process, and the basis of the calculations we 
used to analyse it.  
 
Initially, we collated a list of companies from the London Business School’s ‘London Share 
Price Database’ (LSPD) for the period 1975 to 2003. The LSPD holds data starting from 
1955, but only a sample of one-third of companies is held until 1975. Thereafter, data for 
every UK listed company are held, so we took 1975 as our start date.  
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We excluded two categories of companies from further analysis. These were financial sector 
companies, including investment trusts, and companies with more than one type of share, for 
instance, voting and non-voting shares. Apportioning the earnings between the different share 
types would be problematic. 
 
Earnings data are available on LSPD, but only for the previous financial year. We therefore 
used Datastream, as this service is able to provide time series data on most of the statistics it 
covers, including earnings. A four-month gap is allowed between the year of earnings being 
studied,  and  portfolio  formation,  to  ensure  that  all  earnings  data  used  would  have  been 
available  at  the  time.  We  therefore  requested,  as  at  1
st  May  on  each  year  1975-2004, 
normalised earnings for the past eight years, the current price, and the returns index on that 
date and a year later, for each company. 
 
A common criticism of academic studies of stock returns is that the reported returns could not 
actually have been achieved in real life, due to the presence of very small companies or highly 
illiquid shares. In an attempt at least to avoid the most egregious examples, we excluded 
companies if the share mid-price was less than 5p, and we also excluded the lowest 5% of 
shares by market capitalisation in each year. We checked whether this removal of micro-cap 
and penny shares had a serious effect on returns. Penny shares and micro-caps did indeed 
contribute  to  returns,  although  this  contribution  was  across  all  deciles,  not  just  for  value 
shares.  Average  returns  were  1-1.5%  higher  when  all  companies  are  included,  across  all 
deciles and holding periods. An arbitrage strategy that is long on value companies and short 
on glamour companies would therefore be largely unaffected by the exclusion of very small 
companies and of penny shares. 
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Following  Anderson  and  Brooks  (2005),  we  calculated  our  E/P  statistic  for  each 
company/year return, by dividing the sum of the earnings over the previous year, plus the 






8 1 − − +
=         Equation 1 
where  1 − EPS  is the earnings per share from the previous year,  8 − EPS is the earnings per share 
from eight years ago, and P is the current price. 16,000 data items were available.  
 
Companies that went bust are flagged in the LSPD. In such cases, we set the RI manually to 
zero, as in Datastream it often becomes fixed at the last traded price. We assumed a 100% loss 
of the investment in that company. 
 
We then sorted shares by the new EP18 statistic, grouped them into deciles within each year, 
and calculated the returns for each decile for the subsequent year as if it were an independent 
portfolio. In fact we calculated returns for holding periods of up to eight years, but since our 
story is usually told sufficiently well by one-year returns, in most cases we do not report 
them. 
 
3  P/E Decomposition 
In this section we isolate the various influences on the PE, then develop a model for putting 
them back together again in a new P/E statistic that more accurately reflects their power in 
predicting returns. 
 ISMA Centre Discussion Papers in Finance DP2005-03 
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The P/E Ratio Through Time 
Market average P/E’s vary through time, as investor confidence waxes and wanes. We show 
average P/E’s and average subsequent returns for each base year in Table 1, and the market 
average P/E’s for each year are shown graphically in Figure 2. A major peak in P/E’s can be 
observed in 1987, representing the run-up to the ‘Black Wednesday’ crash of October 1987. 
Average P/E’s were fairly constant throughout the period 1995-2002. 2003 marked a major 
recent low for the average market P/E, as it reached a level last seen in 1977. However, note 
that the data were read as at 1
st May 2003, only a few weeks into the market recovery of that 
year, so the average P/E for 2004 would be higher. 
 
The correlations between the market average P/E and subsequent returns are shown in the first 
row of Table 2. Compared to the other influences, the correlation is quite high, at 0.178 for 
the correlation of the market E/P to one-year returns. 
 
Sector Effects on the P/E 
Which sector a company falls into is shown by field G17 in the LSPD. We calculated the 
average P/E for each G17 value with more than ten company/year returns. There were 132 of 
these, ranging from a P/E of 28.7 for ‘oil and gas exploration and production’, to 6.4 for Steel. 
 
Note that these averages are for the G17 value across all years. In order to split the year effect 
up from the sector and size effects, we must make the assumption that sector and size effects 
do not have their own year-dependent variation.  
 
The correlation between sector E/P and subsequent returns is shown in the second row of 
Table  2.  In  contrast  to  the  year  returns,  the  contribution  of  the  sector  to  the  E/P  has  a ISMA Centre Discussion Papers in Finance DP2005-03 
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correlation that is small but consistently negative, i.e. higher G17 E/P (lower P/E) means 
poorer returns. One assumes that this is because, for example, the Software sector with its 
average P/E of 25.9, as a whole really does give better returns on average than the water 
supply sector with its average P/E of 10.9, because Software is growing more quickly in the 
long term, regardless of the returns on individual companies. 
 
The contribution of the sector is having an opposite effect on the overall P/E, as compared to 
that of the other effects. This will result in the G17 contribution having a consistently negative 
coefficient in the final decomposed E/P statistic. Using it, unloved companies from growth 
sectors will have a greater chance of being included in any value portfolio than they do with 
the traditional P/E. 
 
Size Effects on the P/E 
Larger companies command a higher P/E than smaller companies, ceteris paribus. Liquidity 
constraints suffered by large fund managers can account for a lot of this premium: when a 
fund manager is buying or selling many millions of pounds worth of shares in one company 
on one day, only the largest companies can offer the necessary liquidity in their shares if the 
fund manager is not to move the market price against himself. In the case of a large private 
client  manager,  the  trades  could  be  in  several  thousand  small  transactions.  Large  fund 
managers therefore naturally gravitate towards investing in larger companies. 
 
Market capitalisations of companies vary hugely.  Instead of taking logs, we took  a more 
intuitively meaningful route and divided companies into categories. For each year, we divided 
companies into 20 categories by market value, and calculated the average P/E and average 
returns for each category. The results are shown in Table 3. Note that the P/E and returns ISMA Centre Discussion Papers in Finance DP2005-03 
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quoted are averaged over all 29 years, but the category limits are specific to each base year, as 
the average capitalisation changes so much from year to year.  
 
As the companies get larger, the P/E’s go up but the returns go down. Note the very high 
returns for category 1 of 30.9%. However, this is for the smallest 5% of companies. In 2003, 
only companies with a market capitalisation of less than £8½ m fell into category 1. Liquidity 
constraints on the shares of such companies would be a very real problem for even a small 
fund manager, and the wider bid-ask spread for small companies would further erode returns. 
 
The close relationship between size category and average P/E can more clearly be seen in 
Figure  3.  There  is  an  almost-perfect  correlation  of  0.983  between  P/E  and  market  size 
category, and this can clearly be seen here. Looking at the third row of Table 2, the 0.07 
correlation of the size category of individual companies to one-year returns is larger than that 
of the industry, but smaller than that of the year average P/E. 
 
A Model for Deconstructing the Influences on the P/E 
We have now assessed the strengths of the identifiable influences on the P/E, and summarise 
them in Table 4. 
 
Unlike  the  other  influences,  the  idiosyncratic  part  of  the  E/P  cannot  be  independently 
observed: it is merely that part of the overall E/P as yet unexplained by the year, market value 
and  industry  factors.  We  assumed  a  multiplicative  arrangement  of  the  influences  was 










ActualEP i i i i i × × × =
17
  Equation 2 
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where  the  average  E/P  is  the  average  over  all  companies  and  years.  Note  that  is  not  a 
regression equation, and there is no error term: IdioEP is simply a way of relating what would 
be  expected  for  the  E/P,  given  the  year,  company  size  and  industry,  to  what  has  been 
observed. Thus, for a company with uniformly average characteristics, the actual, Year, MV 
and G17 E/P terms (each including the denominator) would be unity, so the idiosyncratic E/P 
term would be unity also. On the other hand, a company with a low E/P (high P/E) with 
average Year, MV and G17 E/P’s would be assigned a low idiosyncratic E/P, and this term 
would make it less attractive as an investment according to the P/E statistic developed below. 
 
Rearranging Equation 2, the idiosyncratic E/P is calculated for each company/year return as 
i i i
i







=       Equation 3 
 
The idiosyncratic E/P has a positive correlation of 0.06 with one-year returns, so its influence 
is in the same direction as the year and MV E/P’s, but its correlation is slightly weaker than 
that of the market value E/P. 
 
Having calculated all four influences on the P/E, we can now show the correlations between 
the different influences, in Table 5. The influences all have very little correlation with each 
other. This should mean that there is no problem of multicollinearity. 
 
The four influences are now combined in the model 
i i i i i i u IdioEP EP G MVEP YearEP Rtn + + + + + = 4 3 2 1 0 17 01 β β β β β     Equation 4 
 
Note that there are 16,000 company/year returns and 16,000 different IdioEP values, but only 
29 different YearEP’s, 20 different MVEP’s and 132 different G17EP’s. The idiosyncratic ISMA Centre Discussion Papers in Finance DP2005-03 
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contribution  to  the  E/P  turns  the  E/P  that  one  would  expect  to  observe,  given  the  year, 
industry and size, into the E/P actually observed. 
 
A linear regression of this model results in the following estimated coefficients and standard 
errors: 
Rtn01=  0.6565  +2.2925  YearEP  +1.3685  MVEP  -0.4636  G17EP  +0.4646  IdioEP 
  (0.0283)  (0.095)    (0.1272)    (0.1058)    (0.0476)   
Equation 5 
All coefficients are significant at the 0.1% level. 
2 R  is 0.0439. This is not very high, but the 
model still explains more than double the amount of variation explained by the regression on 
the undeconstructed E/P’s in Anderson and Brooks (2005). Of the E/P variables included in 
the regression, the Year E/P is roughly twice as useful in predicting returns as the market 
value  category  E/P,  and  this  in  turn  is  three  times  as  useful  a  predictor  as  the  industry 
classification and idiosyncratic E/P’s. The industry classification E/P is the only predictor 
variable to have a negative coefficient, as foreshadowed earlier by its consistently negative 
correlation with returns. 
 
Do the regression weights allow us to achieve a P/E statistic with a higher resolution between 
the glamour and value deciles? We calculated a sort statistic for each company/year return, 
that is the  weighted  average of its decomposed E/P influences, where  the weights  are as 







4 3 2 1 17
j
j i
i i i i
i
Wt P
IdioEP Wt EP G Wt MVEP Wt YearEP Wt
EP   Equation 6 
where  i EP  is  the  new  statistic  for  company/year  return  i,  and  the  right-hand  side  of  the 
equation is a weighted average of the four decomposed influences on the E/P, divided by the 
current share price P. The new sort statistic can be understood as meaning that a company is ISMA Centre Discussion Papers in Finance DP2005-03 
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most likely to be included in the value decile if it is small and operates in a sector that usually 
has high P/E’s, but has a low idiosyncratic P/E. Note that the constant and YearEP values 
from  Equation  5  do  not  need  to  be  included.  Because  we  are  sorting  within  each  year, 
constant values are irrelevant to the sort. The sort statistic is used to assign companies to 
deciles, with the results shown in column 1 of Table 6. In order to gauge the relative effects of 
each part of the E/P, columns 2 to 4 of Table 6 also shows the returns by decile when sorting 
by  each  of  the  component  E/P’s  alone.  For  comparison,  the  results  for  the  statistic 
(EP1+EPM8), in which the influences on the P/E are undifferentiated, are shown in column 5. 
 
The market capitalisation and idiosyncratic influences on the E/P each provide a resolution of 
11%-12% when considered alone. The G17 industry factor gives a resolution of only around 
5%, but it works in the opposite direction to the other two factors. Putting all three together 
using the weights suggested by the linear regression, with the industry factor given its proper 
negative weight, results in a remarkably powerful statistic: 8% is added to the resolution of 
the undifferentiated statistic, and a value decile is identified that has average one-year returns 
of 32%. 
 
4  Portfolio Illustration 
This example shows the value we have added by decomposing the P/E. We calculated the 
performances of the value and glamour deciles identified using the weights arrived at through 
the  linear  regression  developed  above,  and  compared  them  to  the  returns  for  the  deciles 
calculated using the (EP1+EPM8) statistic, in which the influences of year average E/P, size 
E/P and industry E/P had not yet been differentiated. All portfolios use annual rebalancing. 
Table 7 shows the percentage returns and portfolio values for the glamour and value deciles 
for the two sort statistics. ISMA Centre Discussion Papers in Finance DP2005-03 
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The consistency of positive returns for the new value decile should be noted: the decomposed 
P/E value decile has gone down in value only twice in the last 29 years, with a maximum loss 
of 6.69% in 1989. On the other hand, the glamour decile has lost money eight times, the worst 
performance being –24.93% in 2002. Sorting by the undifferentiated P/E, the value decile 
drops in value five times over the 29  years, and the glamour portfolio six times. After a 
compound  3%  annual  difference  in  the  value  decile  performances,  the  new  value  decile 
portfolio  ends  up  being  worth  double  the  old  value  decile,  and  after  a  4%  compound 
difference in the glamour decile performances, the new glamour decile portfolio is in 2004 
worth less than half the old glamour decile portfolio 
 
The  values  of  the  four  portfolios  are  also  shown  graphically  in  Figure  4.  Although  the 
logarithmic scale underestimates the scale of the outperformance or underperformance, it can 
be seen that the portfolio value of the value decile as calculated using the decomposition 
weights  outperforms  the  value  decile  from  the  undifferentiated  statistic,  and  the  glamour 
decile underperforms, so that the previous deciles are bracketed by the new deciles.  
 
5  Conclusion 
Although the P/E effect was first documented almost fifty years ago, and it is well-known that 
outside influences affect individual company P/E’s, as far as we are aware we are the first to 
investigate whether accounting for these various influences can deliver a P/E effect of greater 
value in predicting returns. 
 
Using  data  for  all  UK  companies  from  1975-2003,  we  imposed  a  model  of  performance 
attribution onto the P/E ratio. We identified the influences on a company’s P/E as the annual ISMA Centre Discussion Papers in Finance DP2005-03 
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market-wide P/E, the sector, the company size, and idiosyncratic influences. We isolated the 
power of each of these effects. Company size has a high correlation with the P/E and with 
subsequent returns, so it is apportioned a higher importance in the final statistic than the other 
factors. The industry classification has a decidedly moderate power of prediction of returns, 
but its effect upon the P/E is in the opposite direction compared to the other factors.  
 
Having isolated these influences, we developed a model that provides weights for them, so 
that company size is weighted more heavily than the others, and the industry is assigned its 
appropriate  negative  weight.  We  found  that  the  new  statistic  using  these  weights  was 
considerably  better  than  any  previous  P/E  statistic in  predicting  future  returns.  Using  the 
optimum  weightings  suggested  by  the  linear  regression,  we  increased  the  average  annual 
difference in returns between the glamour and value deciles from 13% to 20.5%, and our new 
value decile returned 32% per annum. This should be of interest even to large fund managers, 
since buying one-tenth of the UK market should not present liquidity problems. Our portfolio 
illustration showed that the value and glamour deciles chosen using the new weighted P/E 
comfortably bracket the value and glamour deciles chosen using the old undifferentiated P/E 
statistic.  The  new  value  portfolio  outperforms  the  old,  and  the  new  glamour  portfolio 
underperforms the old, by 3-4% annually. 
 
Future work in this area will involve replicating this result for the much larger US markets.  
Our list of influences on the P/E is likely not exhaustive: gearing, for example, may be a 
further significant explanatory variable, since out of two otherwise identical companies, the 
one with higher gearing will merit a lower P/E. 
 ISMA Centre Discussion Papers in Finance DP2005-03 
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P/E  Rtn01  Year 
Average 
P/E  Rtn01  Year 
Average 
P/E  Rtn01 
1975  8.60  39.28%  1985  15.66  47.62%  1995  14.13  26.58% 
1976  9.12  21.65%  1986  18.52  42.43%  1996  14.75  5.54% 
1977  9.08  49.97%  1987  21.39  7.28%  1997  13.69  16.69% 
1978  10.57  51.40%  1988  18.98  23.22%  1998  14.31  -2.86% 
1979  12.93  -3.14%  1989  19.01  -13.49%  1999  13.20  13.07% 
1980  9.96  32.84%  1990  14.36  8.40%  2000  12.98  13.32% 
1981  12.54  9.92%  1991  15.29  11.66%  2001  14.07  8.12% 
1982  13.88  35.81%  1992  16.73  14.15%  2002  14.14  -15.29% 
1983  16.76  34.22%  1993  17.19  28.81%  2003  9.44  46.57% 
1984  16.98  24.85%  1994  18.44  -2.73%       
Table 1: Year average P/E's and subsequent returns, 1975-2003 
 
  Rtn01  Rtn02  Rtn03  Rtn04  Rtn05  Rtn06  Rtn07  Rtn08 
YearEP  0.1780  0.1802  0.2007  0.1961  0.1961  0.2455  0.2884  0.3245 
G17EP  -0.0030  -0.0042  -0.0175  -0.0278  -0.0291  -0.0215  -0.0175  -0.0158 
MVEP  0.0706  0.0973  0.1085  0.1098  0.1075  0.1002  0.0917  0.0854 
IdioEP  0.0600  0.0605  0.0780  0.0992  0.0897  0.0843  0.0913  0.0986 
Table 2: Correlations between the different influences on the P/E and subsequent returns, 1975-2003 
 
MVCat  Avg P/E  Rtn01  MVCat  Avg P/E  Rtn01 
1 
(smallest)  9.60  30.90%  11  14.15  17.47% 
2  9.48  26.98%  12  14.83  20.59% 
3  10.50  24.93%  13  14.91  20.87% 
4  11.01  23.05%  14  15.34  19.55% 
5  11.20  23.28%  15  15.35  18.91% 
6  12.01  22.81%  16  15.88  18.42% 
7  11.99  23.51%  17  15.45  19.25% 
8  12.88  20.22%  18  16.05  17.58% 
9  13.75  21.59%  19  16.69  15.84% 
10  13.77  21.81% 
20 
(largest)  18.28  16.81% 
Table 3: Average P/E's and returns 1975-2003, categorised by market capitalisation. ISMA Centre Discussion Papers in Finance DP2005-03 
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Influence on the P/E  Correlation of E/P to one-
year returns 
Notes 
Market average P/E that year  0.18  High, positive 
Industry classification G17  -0.004  Marginal, but always 
negative, i.e. low E/P ￿ high 
P/E ￿ high returns 
Market capitalisation MV  0.07  Moderate, positive 
Table 4: Strength of influences on the P/E 
 
  YearEP  MVEP  G17EP  IdioEP 
YearEP  1.0000  -0.0010  0.1383  -0.0680 
MVEP    1.0000  0.1911  -0.0956 
G17EP      1.0000  -0.1347 
IdioEP        1.0000 
Table 5: Correlations between P/E influences 
 














           
Weights 
assigned 
         
MVEP  1.3685  1  0  0  - 
G17EP  -0.4636  0  1  0  - 
IdioEP  0.4646  0  0  1  - 
           
One-Year 
Returns 
         
High P/E  11.55%  14.81%  22.63%  17.13%  16.21% 
Decile 2  14.78%  17.04%  21.88%  15.08%  16.15% 
Decile 3  15.03%  18.87%  19.57%  17.49%  17.27% 
Decile 4  18.01%  18.72%  21.33%  17.57%  16.55% 
Decile 5  19.79%  17.58%  18.17%  19.18%  20.03% 
Decile 6  21.04%  20.36%  19.50%  19.53%  18.13% 
Decile 7  20.19%  20.60%  18.86%  20.17%  20.06% 
Decile 8  22.82%  21.86%  18.78%  21.33%  23.34% 
Decile 9  23.14%  22.30%  19.26%  22.49%  21.92% 
Low P/E  32.23%  27.44%  17.92%  28.59%  28.95% 
D10 – D1  20.67%  12.63%  -4.72%  11.46%  12.73% 
Table 6: E/P deconstruction model one-year returns, 1975-2003. Each column shows first the weights used 
to construct the sort statistic, then the decile returns resulting from assigning companies to deciles using 
that sort statistic. Column 1 shows the returns when using the linear regression weights. Columns 2 to 4 
show the returns when sorting by each E/P influence on its own, so as to indicate the relative effectiveness 
of each influence as a predictor of returns. Column 5 shows the returns when using the original EP18 
statistic, which had not yet been decomposed into the different influences on the P/E. ISMA Centre Discussion Papers in Finance DP2005-03 
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  Decomposed Statistic        EP1+EPM8       




















1975  £1,000  48.41%  £1,000  35.20%  £1,000  54.46%  £1,000  17.65% 
1976  £1,484  26.42%  £1,352  15.01%  £1,545  34.26%  £1,177  21.20% 
1977  £1,876  70.29%  £1,555  29.38%  £2,074  64.21%  £1,426  48.24% 
1978  £3,195  89.63%  £2,012  33.33%  £3,405  65.45%  £2,114  56.70% 
1979  £6,059  6.45%  £2,682  -4.00%  £5,634  -9.61%  £3,312  13.44% 
1980  £6,449  49.00%  £2,575  28.12%  £5,093  33.54%  £3,758  33.28% 
1981  £9,609  14.88%  £3,299  1.87%  £6,801  14.49%  £5,008  8.15% 
1982  £11,039  51.37%  £3,361  28.74%  £7,787  40.52%  £5,416  30.36% 
1983  £16,709  50.26%  £4,327  23.39%  £10,942  45.20%  £7,061  44.15% 
1984  £25,107  33.45%  £5,339  6.91%  £15,887  26.67%  £10,178  13.86% 
1985  £33,505  65.77%  £5,707  24.52%  £20,124  82.76%  £11,589  12.00% 
1986  £55,541  60.83%  £7,107  23.82%  £36,778  52.49%  £12,980  29.25% 
1987  £89,325  35.22%  £8,799  -6.43%  £56,084  26.06%  £16,776  8.26% 
1988  £120,788  29.39%  £8,234  17.88%  £70,700  34.49%  £18,162  14.54% 
1989  £156,293  -6.69%  £9,706  -9.07%  £95,082  -13.51%  £20,803  -12.66% 
1990  £145,830  3.55%  £8,825  3.87%  £82,240  -1.22%  £18,169  -5.20% 
1991  £151,004  4.46%  £9,167  8.51%  £81,237  20.60%  £17,224  -0.33% 
1992  £157,735  26.69%  £9,947  13.32%  £97,970  21.07%  £17,168  7.97% 
1993  £199,828  37.41%  £11,272  18.67%  £118,609  41.06%  £18,536  30.57% 
1994  £274,576  12.14%  £13,376  -5.23%  £167,311  1.08%  £24,202  1.19% 
1995  £307,897  30.03%  £12,676  26.20%  £169,119  29.87%  £24,490  33.05% 
1996  £400,364  17.37%  £15,997  2.39%  £219,634  15.04%  £32,583  10.99% 
1997  £469,908  21.99%  £16,379  25.24%  £252,669  22.09%  £36,165  28.19% 
1998  £573,258  0.72%  £20,513  -2.72%  £308,495  -0.96%  £46,358  0.87% 
1999  £577,393  33.65%  £19,956  16.29%  £305,529  14.17%  £46,763  39.23% 
2000  £771,671  25.46%  £23,207  -16.84%  £348,822  31.70%  £65,110  -18.75% 
2001  £968,144  18.61%  £19,299  -9.86%  £459,409  23.73%  £52,901  -22.67% 
2002  £1,148,333  -0.47%  £17,397  -24.93%  £568,424  -3.07%  £40,908  -30.89% 
2003  £1,142,973  78.35%  £13,059  31.49%  £550,947  72.80%  £28,271  57.54% 











Table  7:  Portfolio  values  and  percentage  returns  for  the  glamour  and  value  deciles  from  the  P/E 
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Figure 2: Market average P/E's for each year 1975-2003 
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LinRegr Value LinRegr Glamour EP1EPM8 Value EP1EPM8 Glamour  
Figure 4: Performances of glamour and value deciles for the P/E decomposition linear regression weights, 
and for the undifferentiated ‘EP1+EPM8’ statistic, 1975-2004 
 
 